Reflecting its high resolution and contrast capabilities, microcomputed tomography (μCT) can provide an in vivo assessment of adiposity with excellent spatial specificity in the mouse. Herein, an automated algorithm that separates the total abdominal adiposity into visceral and subcutaneous compartments is detailed. This algorithm relies on Canny edge detection and mathematical morphological operations to automate the manual contouring process that is otherwise required to spatially delineate the different adipose deposits. The algorithm was tested and verified with μCT scans from 74 C57BL/ 6J mice that had a broad range of body weights and adiposity. Despite the heterogeneity within this sample of mice, the algorithm demonstrated a high degree of stability and robustness that did not necessitate changing of any of the initially set input variables. Comparisons of data between the automated and manual methods were in complete agreement (R 2 =0.99). Compared to manual contouring, the increase in precision and accuracy, while decreasing processing time by at least an order of magnitude, suggests that this algorithm can be used effectively to separately assess the development of total, visceral, and subcutaneous adiposity. As an application of this method, preliminary data from adult mice suggest that a relative increase in either subcutaneous, visceral, or total fat negatively influences skeletal quantity and that fat infiltration in the liver is greatly increased by a high-fat diet.
INTRODUCTION

M
icrocomputed tomography (μCT) is an imaging modality that has been used extensively to describe the morphology and microarchitecture of hard tissues [1] [2] [3] . More recently, the application of μCT has been extended to image adipose tissue in mice in vivo 4, 5 . Similar to micromagnetic resonance imaging, and in contrast to most current noninvasive imaging techniques such as dual-energy X-ray absorptiometry or nuclear magnetic resonance, μCT has the ability to provide spatial information on the three-dimensional distribution of adipose deposits throughout the animal. This information can be critical for the assessment of obesity, diabetes, or cardiovascular risk factors 6,7 as different types of adipose tissue at different locations (subcutaneous versus visceral) play different physiological roles. For instance, visceral fat tissue is a significant risk factor for type 2 diabetes 8 and coronary artery disease 9 and more predictive of obesity-induced pathologies than either the total or subcutaneous adiposity alone 10 . While the correct interpretation of adiposity data in metabolism-, obesity-, and diabetes-related research may rely on the detailed volumetric assessment of distinct adipose compartments, it is also clear that such evaluations have to be performed in a precise, accurate, and efficient manner. The accurate in vivo determination of visceral fat volume requires the scanning of the entire abdominal region 11, 12 . The abdominal muscular wall separating the visceral from the subcu-taneous compartment can be used as the demarcation line for visceral adipose tissue and subcutaneous adipose tissue because of the higher tissue density of muscle 13 . In any given two-dimensional μCT slice, this line can be traced by manually drawn contour lines.
Unfortunately, the manual drawing of contour lines is cumbersome, is labor-intensive, and may not yield the desired precision and accuracy [14] [15] [16] [17] . Semiautomated algorithms to separate visceral from subcutaneous fat are much faster but may require the manual definition of a seed point [18] [19] [20] . A fully automated method to quantify visceral adipose tissue in magnetic resonance images (MRI) was recently suggested 21 . This method which is based on knowledge-based curve fitting and morphological operations is precise but relatively slow to complete an anatomical region comprising 15 slices with a display matrix of 512×512 (7 min). Here, we present a precise, robust, and automated algorithm that is primarily comprised of Gaussian filtering and Canny edge detection 22 to isolate and quantify visceral and subcutaneous adiposity in μCT tomographies.
METHODS
Microcomputed Tomography Scanning and Reconstruction All animal procedures were approved by the University's Animal Care and Use Committee. The automated separation procedure was initially tested in 74 5-month-old C57BL/6J mice with large differences in body mass and wholebody adiposity 23 . Briefly, the entire body of each mouse from the base of the skull to the distal tibia was scanned transversally at an isotropic voxel size of 76 μm (VivaCT 40, Scanco Medical Inc., SUI, 45 kV, 133 μA, 300-ms integration time, 512×512-pixel matrix). Fixed anatomical landmarks were used to define the abdominal (lumbar) volume of interest (VOI) between the proximal end of the L1 vertebra and the distal end of the L5 vertebra (Fig. 1) . Reconstructed images were filtered with a constrained 3D Gaussian filter to reduce noise and segmented by a global band pass threshold filter 24 .
The range of voxel densities that defined the adipose tissue was determined by the histogram method 25 , yielding values between 4.9% and 8.7% of the maximum grayscale value 2 . The visceral (VAT) and subcutaneous adipose tissue (SAT) compartments in the abdominal region were separated from each other via an automated separation technique described below, and fat volumes were computed by direct counting of voxels.
Description of the Automated Separation Technique
The automated algorithm separating between visceral and subcutaneous fat involved four principal steps:
Step 1: Generation of the mask for the animal body
In any given raw grayscale image (Fig. 2, a) , the surface of the mouse (corresponding to the skin, defined as outer edge, Fig. 2 , b, Ib) and the edges of the abdominal muscular layers (inner edge The skeleton was superimposed upon the adipose tissue (gray) to allow for greater spatial clarity. The abdominal VOI, in which the separation between subcutaneous (yellow) and visceral (red) fat was performed, was defined by precise skeletal landmarks.
Total Mask
Raw gray scale image 5 mm Edge detection (Canny) was applied to the image (a) that was smoothed by a Gaussian filter.
Edge dilation Overlay of the outer edge of the total mask onto the raw image confirms the accurate definition of the outer edge.
Inverted total mask was generated by inversion of image (c), in which the largest object was detected Closing of the muscular wall to ensure separation of fat compartments.
The preliminary visceral fat mask was created by inversion of the image (g) in which the largest volumetric object was detected and inverted.
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Edge detection (Canny) was applied to the image (a) that was smoothed by a Gaussian filter.
Overlay of the preliminary visceral fat mask onto the raw image (a
The secondary visceral fat mask was created by inversion of the secondary subcutaneous fat mask (m).
The secondary visceral fat object was created by applying the secondary internal fat mask (n) to (j).
The secondary visceral fat object (o) was added to the eroded secondary visceral fat mask (n).
Erosion followed by component labeling and dilation was performed on the image (p) to generate the final visceral fat mask.
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(k) was added to the inverted total mask (d).
Segmentation of the raw gray scale image (a)
The preliminary subcutaneous fat object was created by applying the inverted image (h) to (j).
The secondary subcutaneous fat mask was created by erosion of (l), volumetric component labeling, and dilation. The secondary visceral fat mask was created by inversion of the secondary subcutaneous fat mask (m).
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Segmentation of the raw gray scale image (a)
The secondary subcutaneous fat mask was created by erosion of (l), volumetric component labeling, and dilation.
5 mm jk l m (k) was added to the inverted total mask (d).
The secondary subcutaneous fat mask was created by erosion of (l), volumetric component labeling, and dilation. j l m (k) was added to the inverted total mask (d).
The secondary subcutaneous fat mask was created by erosion of (l), volumetric component labeling, and dilation. Identification of the outer edge (a-e) and separation of visceral and subcutaneous fat (f-i). The contours Ia and IIf represent the abdominal muscular wall. Ib is the outer edge of the mouse body. IIb defines the interface of the muscular wall and VAT. IIIb defines the interface of the muscular wall and SAT. In images j-m and n-q, the subcutaneous and visceral fat mask were generated, respectively. Objects in black represent background.
between muscular wall and VAT, Fig. 2 , b, IIIb, and outer edge between muscular wall and SAT, Fig. 2 , b, IIb) were detected. To distinguish the edges from background texture and noise, the raw grayscale image was smoothed by applying a Gaussian convolution with a support value of five (this value should approximate the size of the background texture, which is dependent on the image resolution). The Canny algorithm with hysteresis controlled by two thresholds (Fig. 3 ) was then applied to detect the edges 22 . The hysteresis setting was chosen to minimize the number of spurious and undesirable edge fragments in the output image while identifying major edges with sufficient detail (Fig. 2, b ). Upon identification of the edges in the image, they were dilated by two voxels (Fig. 2 , c) to create a solid outer contour around the mouse body and to connect as many of the potentially interrupted edges of the abdominal muscular wall as possible. Inversion of the dilated object created the following two different components: the background object representing the space surrounding the mouse body (Fig. 2, d ) and the foreground object comprising elements pertaining to the body of the mouse.
To allow this automated algorithm to run without operator intervention, it was critical that the volume of the background object represented the largest volume in the image. This ensured that volumetric component labeling 26 can detect the background object independent of the size and shape of the mouse. In the next step, the inversion of the background object was reversed. Because of the previous dilation, the outer edge of this inverted object extended two voxels beyond the surface of the mouse body. The appropriate erosion of the inverted body produced the total mask where the outer edge matched the body surface of the raw grayscale image (Fig. 2, e) .
Step 2: Generation of the mask for visceral adipose tissue
To create the preliminary visceral fat mask, the outer edge of the mouse (Fig. 2, e) was removed from the dilated object (Fig. 2, c) , rendering the muscular wall as the outermost surface (Fig. 2, f , If). To this end, the size of the eroded total mask was diminished by an additional three voxels. The three voxels consisted of one edge voxel defined by the Canny method plus two voxels that had been added during the dilation. This diminished mask was applied to the dilated edge object (Fig. 2, c) to remove the outer edge completely. A morphological closing operation was then used to connect the muscular wall along its entire edge and to spatially separate the space surrounding the abdominal muscular wall from the visceral space (Fig. 2, g ). All the fat volume encompassed by this muscular wall edge was defined as the visceral component.
The preliminary subcutaneous fat mask was produced in analogy to the operations described in the step 1 for the generation of the total mask. However, in contrast to the surface of the mouse, the muscle layer does not exist as a discrete surface. Rather, the muscle layer has an inner and outer edge which may be several voxels apart from each other. The closed object (Fig. 2, g ) was inverted and the largest component in the image (the outer space surrounding the abdominal muscular wall) was subsequently dilated, which in effect defined a middle "edge" in the muscle layer. The dilation by seven voxels included one edge voxel defined by the Canny method, four dilation voxels (two in each directions), plus two voxels that represented half the thickness of the abdom- Trimodal histogram of the nonmaximal suppression (NMS) gradient magnitude that serves to select the hysteresis threshold Thigh and Tlow for adipose tissue. The large first peak at the lower end of the gradient spectrum represents texture of the image background while the third peak for the highest gradient is associated with edges of calcified tissue. The second peak in the intermediate gradient range describes the edges of adipose tissue. Thigh was identified at two thirds of the magnitude of the second peak and Tlow coincided with the minimum (valley) between the first and second peak.
inal muscular wall. These operations produced the preliminary subcutaneous fat mask, the inversion of which led to the preliminary visceral fat mask (Fig. 2, h-i) . The separation between visceral and subcutaneous fat compartments was checked automatically and the subcutaneous and visceral masks were corrected in the two following steps.
Step 3: Correction of the subcutaneous fat mask Any potential extension of subcutaneous adiposity into visceral adiposity was checked and corrected for. The preliminary subcutaneous fat object (Fig. 2, k) was created by applying the subcutaneous fat mask to the segmented fat image (Fig. 2, j) . This object was added to the inverted total mask (Fig. 2, l) . Any spikes, small speckles, or islands present in the image, representing subcutaneous fat that had protruded into the visceral fat compartment, were removed from the combined object by a surface erosion of three voxels. This procedure also disconnected individual spikes. Then, component labeling was applied to select the largest component within the image (subcutaneous fat). The selected component was eroded by three voxels (the number of voxels was defined empirically as half the thickness of a spike). The newly created mask became the refined secondary subcutaneous fat mask (Fig. 2, m) . The refined secondary visceral fat mask, produced by inversion (Fig. 2, n) of the secondary subcutaneous fat mask, was used for the final correction step described below.
Step 4: Correction of the visceral fat mask Similar to the correction of the subcutaneous mask, an intrusion of visceral adiposity into the subcutaneous region was checked and corrected for. The refined secondary visceral fat object (Fig. 2, o) was created by applying the secondary visceral fat mask to the segmented fat image and added to the eroded secondary visceral fat mask (Fig. 2, p) . The magnitude of the erosion was selected empirically to amount to seven voxels, corresponding to the sum of the average depth of the potential intrusion and the average abdominal muscular wall thickness. This amount of erosion was determined to be appropriate for the range of mice assessed in this study, but the number of required voxels may need to be adjusted based on the resolution of the scanned images. The portion of visceral fat that extended into the subcutaneous compartment was removed from the final object using procedures identical to those described in step 3. The outcome of these steps was the final visceral fat mask (Fig. 2, q) , the inversion of which gave rise to the final subcutaneous fat mask.
Validation of the Algorithm The accuracy of the algorithm was determined by visual assessment and by comparisons between automatically determined adipose volumes and those calculated from manually drawn contour lines. For the visual assessments, the overlay of the final visceral fat mask onto the grayscale image was examined slice by slice (2D check). The algorithm was deemed to be accurate if the automatically generated outline of the visceral fat mask matched the abdominal muscular wall. In addition, the visual check of the combined 3D object comprising the segmented subcutaneous and visceral adipose segments was performed.
To test the accuracy, potential bias, and robustness of the automatic separation technique, the acquired visceral adiposity volumes were compared to data obtained by manually drawing contour lines around the visceral fat volume within each μCT slice. The manual definition of the visceral fat volume was performed by a single skilled operator to avoid interuser variability. Since the manual tracing of visceral fat is an extremely cumbersome procedure, a smaller subset of 12 mice was selected for this comparison. These 12 animals were chosen such that their total body volume approximated the range of the entire sample of 74 mice. To this end, the total body volume of the 74 mice was determined by μCT, put into ascending order, from which each sixth data point was selected for manual analysis. We validated the algorithm based on comparisons between the VAT volumes as the SAT volume is simply calculated by subtracting VAT from the total adipose volume. All evaluation parameters such as μCT thresholds and evaluation regions were identical between the manual and automated fat segmentation procedures. Thus, any difference in data produced by the two methods could be attributed to either manual or automated contouring.
Application of the Algorithm
The methodology was applied to evaluate scan data from a longitu-dinal study, in which 8-week-old male C57BL/6J mice (The Jackson Laboratories, Bar Harbor, ME, USA) were randomized into regular-diet and highfat-diet groups (n=8 each). Regular-diet animals were maintained on a normal chow (Lab Diets, RMH 3000, Richmond, IA, USA) and high-fatdiet animals were fed a 45-kcal% high-fat diet (Test Diets, Cat No:58V8, Richmond, IA, USA) to induce obesity. All animals had free access to food and water. In vivo μCT scans, similar to those described above, were performed at 5, 8, and 11 months of age after the animals had been on their respective diet for 3, 6, or 9 months. Total bone (BV) and fat volume (FV) within the ROI (whole body without head and feet) as well as VAT and SAT volume within the abdominal region were determined. Liver and spleen density values were measured in a slice comprising the intervertebral disc between the 13th thoracic and first lumbar vertebrae (Fig. 4) . The liver-to-spleen (L/S) density ratio, an indicator of the degree of fat infiltration in the liver [27] [28] [29] , was calculated at 8 and 11 months of age, the time points at which the largest degree of hepatic steatosis would be expected.
Statistics To test whether the automated algorithm produced data that were statistically indistinguishable from manually drawn contour lines, paired t tests were performed. The Bland-Altman method was used to qualitatively assess the agreement between the procedures, providing estimates of systematic and random errors. A two-tailed t test was used to check if the linear regression slope and intercept were significantly different from the line of equality (slope of one and intercept of zero). Differences in fat infiltration in the longitudinal study were determined by two-tailed t tests. The significance level was set at α=0.05.
RESULTS
The automatic algorithm was initially tested across 74 mice with a broad range of body weights (18.4-50.4 g) and percent body fat (10-50%) and showed a high degree of stability and robustness. The automated procedure did not require changing of the initially determined input parameters such as filters, threshold settings, or morphological operation values across all mice used in this study. Generally, these input parameters will vary with different scan protocols and will be influenced by the scan resolution, energy-intensity value, or integration time. In this study, the input parameters were estimated for a mouse that was close to the average weight of the entire sample and checked in those mice with the smallest and greatest body mass.
On a single HP workstation, for an average VOI comprising about 220 slices, the automated algorithm took less than 1 min to complete the Left: a raw μCT image from the region between the 13th thoracic and first lumbar vertebra was used to calculate the degree of fat in the liver. No contrast agent was used. Right: density values were determined for all voxels within the highlighted circular regions (12 mm 2 for liver and 3 mm 2 for spleen). These regions were selected as to be approximately in the center of the spleen and the left and right lobes of the liver. The average liver density of each mouse was calculated as the average of the two lobes.
separation between visceral and subcutaneous fat compartments and to calculate volumetric fat data.
In great contrast to the automatic evaluation, the manual assessment of the same region by an experienced operator took about 1-1.5 h because of the cumbersome process of manually drawing contour lines. Qualitatively, the visual inspection of the segmented 2D μCT slices did not reveal any differences between images produced by either manual or automatic contouring (Fig. 5) despite the large differences in adiposity between mice within this sample (Fig. 6) . Quantitatively, the calculated values for VAT were very highly correlated between the unsupervised automatic and the manual approach (R 2 =0.99, pG0.001, Fig. 6 ). In addition, the slope of the trend line was 0.99, demonstrating near-perfect agreement between the two methods of separation. This agreement was determined statistically, with the null hypothesis stating that the slope of the trend line will be equal to 1 and that the intercept will be equal to 0. Both slope and intercept p values were greater than the significance level indicating that there were no significant differences between the two methods.
The Bland-Altman plot revealed that the mean relative difference between manual and automatic VAT assessment was very low (1.15%), that no systematic errors occurred, and that the calculated difference did not depend on the magnitude of the visceral fat volume (Fig. 6) . Confirming the equivalence of the two methods suggested by the linear regression and the Bland-Altman plot, a paired t test showed that VAT data generated by manual contouring were statistically indistinguishable from the dataset produced by the automated separation algorithm (p=0.96).
As an application of the above method and to identify potential associations between specific fat compartments and the skeleton, skeletal BV was correlated with total body fat (FV), visceral adipose tissue (VAT), and subcutaneous adipose tissue (SAT) in animals fed either a regular-or high-fat diet over the course of 9 months. The volume of all three fat compartments was moder- ately correlated (R 2 =0.55-0.62) with skeletal volume (Fig. 7) , reflecting at least in part that adiposity increases with the size (volume) of the mouse. Perhaps more interestingly, these correlations became stronger (R 2 =0.75-0.96) and negative when normalizing data to the total volume of each animal (TV). Thus, as the proportion of fat (FV/TV, VAT/TV, or SAT/TV) within the mouse increased, the proportion of bone decreased (Fig. 7) .
The ratio of liver density to spleen density, a measure of fat infiltration in the liver, was significantly lower in high-fat-diet mice than in regular-diet mice, both at 8 months (52.9%, pG 0.0001) and 11 months (69.5%, pG0.0001) of age. The large differences in liver density values between regular-chow and high-fat-diet animals at all time points caused liver density data to cluster around two points (i.e., density differences within each diet group and between time points were much smaller than the difference between the two diet groups) and, therefore, correlations between volumes of specific adipose compartments and liver density could not be performed for the entire dataset.
DISCUSSION
The accurate determination of both body fat accumulation and distribution is critical for assessing the impact of metabolic and diabetic risk factors in transgenic and/or wild-type mice. The principal aim of this study was to develop an automated separation method to spatially delineate fat compartments in in vivo μCT images. The proposed adipose separation algorithm is based on edge detection and mathematical morphological operations that identify the body surface, perform a preliminary separation between VAT and SAT, and, after automatic correction, achieve a precise and accurate separation between the adipose deposits. Testing of the automated procedure in a group of 74 animals with greatly varying body composition revealed that initially set input variables such as filters, thresholds, and morphological operation values were very robust against differences in body size and adiposity. Direct comparisons with data generated by manually drawn contour lines further emphasized the accuracy and reliability of the algorithm. The application of this method towards identifying associations between bone, fat, and liver density demonstrated its potential for the use in mouse models of obesity and diabetes.
The 74 mice used for the initial evaluation of the method were a subset of animals in which the ability of in vivo μCT scanning to serve as a substitute for ex vivo measurements of fat pads was tested recently 23 . Results showed that the weight of the visceral fat pad weight was highly correlated with the μCT-determined visceral fat volume (R 2 =0.95, p G0.001). The correlation between the subcutaneous fat pad weight and the μCT-determined subcutaneous fat volume was Top row: correlations between absolute values of bone volume (BV) and either total body fat volume (FV), visceral adipose tissue (VAT), or subcutaneous adipose tissue (SAT) across mice that were raised either on a regular (solid markers) or high-fat diet (hollow markers). Squares, triangles, and circles correspond to data generated at 3, 6, and 9 months of age, respectively. Bottom row: correlations between the same variables when normalized to the volume of each animal (TV).
equally high (R 2 =0.91, pG0.001). As the separation of fat compartments was accomplished by the algorithm described here, the high coefficients of determination for the ex vivo-in vivo correlations corroborated the accuracy of the developed technique.
Most clinical studies in which abdominal adipose compartments are evaluated employ manual tracing methods. An automated method for the unsupervised assessment of visceral adiposity by MRI in human subjects was proposed recently 21 . Similar to our method, two different masks (adipose vs nonadipose) segmented the specific tissue compartments. Their method, however, involved knowledge-based curve fitting and morphological "open" and "close" operations that were performed on a slice-by-slice basis, requiring significantly more computational time. Also, the lack of built-in procedures that check on the accuracy of the final masks may cause very small adipose segments erroneously to be assigned to either visceral or subcutaneous compartments.
The input variables for the algorithm proposed here were set prior to the analysis of all mice and, despite the large range of animal weights and adiposity in this sample, did not require any adjustments even in the lightest or heaviest mice. Adjustments would be expected if scan parameters such as resolution or integration time were altered. It is also important to note that this method was specifically designed to compute volumes of visceral and subcutaneous adiposity in the abdominal region and that the application of this algorithm to regions outside the abdomen may involve substantial alterations.
CONCLUSION
The high resolution and good contrast of μCT allows the precise volumetric quantification of adipose tissue with high spatial discrimination 4, 23 . The algorithm developed here standardizes and automates the analysis of the distribution of specific adipose compartments within the abdomen of small animals. The algorithm is precise, accurate, robust, and, compared to the cumbersome process of manually drawing contour lines, provides large savings in time and labor costs. Preliminary data generated by the automated separation algorithm in a longitudinal study of adipose development in the mouse indicate that a relative increase in either subcutaneous, visceral, or total fat negatively influences skeletal quantity and that fat infiltration in the liver is greatly increased by a high-fat diet.
